Objectives: Medical behaviors are playing significant roles in the delivery of high quality and cost-effective health services. Timely discovery of changing frequencies of medical behaviors is beneficial for the improvement of health services. The main objective of this work is to discover the changing trends of medical behaviors over time. Methods: This study proposes a two-steps approach to detect essential changing patterns of medical behaviors from Electronic Medical Records (EMRs). In detail, a probabilistic topic model, i.e., Latent Dirichlet allocation (LDA), is firstly applied to disclose yearly treatment patterns in regard to the risk stratification of patients from a large volume of EMRs. After that, the changing trends by comparing essential/critical medical behaviors in a specific time period are detected and analyzed, including changes of significant patient features with their values, and changes of critical treatment interventions with their occurring time stamps. Results: We verify the effectiveness of the proposed approach on a clinical dataset containing 12,152 patient cases with a time range of 10 years. Totally, 135 patients features and 234 treatment interventions in three treatment patterns were selected to detect their changing trends. In particular, evolving trends of yearly occurring probabilities of the selected medical behaviors were categorized into six content changing patterns (i.e, 112 growing, 123 declining, 43 updown, 16 down-up, 35 steady, and 40 jumping), using the proposed approach. Besides, changing trends of execution time of treatment interventions were classified into three occurring time changing patterns (i.e., 175 early-implemented, 50 steady-implemented and 9 delay-implemented). Conclusions: Experimental results show that our approach has an ability to utilize EMRs to discover essential evolving trends of medical behaviors, and thus provide significant potential to be further explored for health services redesign and improvement.
Introduction
Medical behaviors, as key components in the care of patients with specific clinical problems, greatly influence the clinical efficiency and medical costs of delivered therapies for patients [1, 2, 3, 4] . Medical behaviors are always patient-linked and time-specific [4] . ▶ Figure 1 provides an example of how medical behaviors are arranged in a patient's treatment process. Notably, medical behaviors keep improving with the continuous development of medical technologies and regulation of medical strategies. As well, patient status keeps changing over time, which will end up with changes in medical behaviors in a patient's treatment process. Collectively, all these factors lead to changes in medical behaviors, which definitely influence the clinical outcome and medical quality of delivered health services. Undoubtedly, discovering the changing trends of medical behaviors in patients' treatment processes could open new opportunities for developing more efficient health services. Acknowledged by hospital managers and clinical experts, healthcare organizations can develop more time-efficient and cost-effective health services if they can detect changes of medical behaviors over time, e.g., they can re-adjust essential medical behaviors and rearrange their occurring time stamps in a specific disease's treatment process through utilizing detected changes.
A lot of work has been proposed for medical behavior analysis [2, 3, 4, 5, 6] . However, most of them are concerned with tracking typical treatment behaviors in treatment processes to obtain evidences for health services optimization or verify the efficiency of delivered health services for improving clinical outcomes, e.g., pathway 
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modelling [2] , variation prediction [6] , latent treatment pattern mining [3, 4, 5] , and effects of treatment processes on actual clinical practice [14, 15, 16] , etc. To the best of our knowledge, detecting the changing trends of medical behaviors over time, as determining factors for developing/optimizing efficient treatment processes, has been significantly neglected. In our previous work [13] , we have made efforts to detect differences between frequent medical behavior patterns generated respectively from two different time-periods. While this work is helpful to discover significant changes raised from critical treatment patterns in specific treatment phases (i.e., admission, before operation, operation, after operation and discharge), it lacks the ability to detect changing trends of essential/critical medical behaviors over time elapsing.
To capture nontrival changing trends of medical behaviors over time in a refine manner, we should first figure out what are typically patient features associated with a particular treatment process and what are conditioned treatment interventions given specific patient features during treatment processes of patients. Both patient features and treatment interventions compose a typical treatment pattern that forms the backbone of a disease's treatment process protocol. Note that a treatment pattern is one found in most executed patient traces of the same treatment procedure for patients presenting with specific symptoms, and is characterized by a set of representative patient features and treatment interventions. In this sense, medical behaviors are always changing over time with respect to both patient features and treatment interventions contained in treatment patterns.
Recently, with the growing availability of large electronic medical record (EMR) databases, clinical researchers are increasingly interested in the secondary use of these observational data [17] . Essentially, EMRs reflect the temporal nature of treatment processes, and thus may unlock the ability to analyze change frequencies of medical behaviors and identify critical changing patterns [22] . We believe that such patterns may provide important insights into how medical behaviors change over time and the effects of implemented interventions.
Motivated by the demand of capturing the evolving trends of medical behavior over time and the availability of observational data in EMRs, this work adopts a novel approach to detect evolving trends of medical behaviors in treatment processes. The proposed approach consists of two steps: 1) we employ a probabilistic topic model to discover essential/critical treatment patterns from a large volume of electronic medical records (EMRs) within different time periods; 2) we detect meaningful changing trends by comparing discovered medical behaviors in a specific time period, including changes of significant patient features with their values (e.g., patient symptoms, vital signs, lab test results, etc.), and changes of critical treatment interventions with their occurring time stamps (e.g., clinical examinations, medical orders, and surgeries, etc.). Contrary to most of existing methods that based on experiences and knowledge of clinical experts, the proposed method can automatically detect changing trends of medical behaviors from EMRs rather than manually interpret large amount of patient cases piece by piece, which is time effective and effort-saving. Note that a treatment pattern is assumed to correspond to a specific severity of patient conditions. This assumption has been confirmed by our clinical collaborators. In particular, they claim that a treatment pattern reflects specific clinical conditions of patients within the same clinical risk level. In this sense, we 
argue that our approach can cluster patients into different risk classes based on their clinical conditions and then detect changing trends of medical behaviors with regard to different risk tiers. The proposed approach has been evaluated on a real clinical dataset pertaining to the unstable angina collected from Chinese PLA General hospital and from 2004 to 2013.
The reminder of this paper is organized as follows. Section 2 describes detailed steps for discovering evolving trends of medical behaviors over time. Experimental setting, results and assessment results are carefully summarized in Section 3. Finally, main discoveries and clinical implications of the proposed approach are given as well as the limitations of the proposed work in Section 4.
Method
The purpose of this study is to automatically discover essential evolving trends of medical behaviors over time by exploring a large volume of EMRs. In detail, the proposed approach consists of two steps, i.e., treatment pattern discovery, and changing pattern detection of medical behaviors, as shown in ▶ Figure 2. 
Treatment Pattern Mining with Respect to Risk Stratifications of Patients
Generally speaking, patients following a particular treatment process protocol may have complex conditions, urging the treatment plans to be complied with their clinical status (i.e., risk level). Besides, a patient's clinical status may be very timedynamic during his/her treatment process. For example, with the delivery of effective therapy procedures during the hospitalization, a medium-risk patient may turn into a low-risk one. All these factors in turn lead to a patient's EMR to be represented by a mixture of risk-specific treatment patterns, and each treatment pattern is characterized by a set of patient features and their values as well as treatment interventions and their occurring time stamps, corresponding to a specific risk tier. Latent Dirichlet Allocation (LDA) models have proven effective in revealing the mixture risk-specific patterns of patients and stratify them into different risk tiers from temporal EMRs [10] . In this regard, we propose employing LDA to discover the latent treatment patterns jointly with clinical risk stratification on individual patient samples.
In general, it takes 1-2 years for hospitals to updates their treatment process protocols. Given this, the data collected from EMRs need to be split into a series of yearly segments, and each segment corresponds to the data recorded in one particular year. Then, we can employ a probabilistic topic model to infer essential treatment patterns from yearly datasets. As we mention above, a treatment pattern, describing the essential medical behaviors of patients within the same risk level during their hospitalizations [21] , is a mixture distribution of multiple medical behavior items. Note that medical behaviors consist of both patient features and treatment interventions, and are regularly recorded in EMRs. Thus, the corresponding risk level of an extracted treatment pattern can be indicated implicitly by the mixture distributions of medical behaviors (i.e., corresponding risk factors) contained in that pattern. LDA is a three-level hierarchical Bayesian model originally designed for collections of text corpora [7] . A document can be represented as a sequence of words denoted by d = (w 1 , w 2 , …, w N ) while a corpus is a collection of |D| documents denoted by
It represents the documents as a mixture of latent topics, where each topic is characterized by a distribution over words. The dependency of all variables can be derived concisely with the plate notation shown in ▶ Figure 3 , where α is the parameter of the Dirichlet prior on the per-document topic distribution, β is the parameter of the Dirichlet prior on the per-topic word distribution, θ is the topic distribution for a specific document, Φ is the word distribution for K topics, z is a specific topic and w is an individual word. For more details about LDA, please be referred to [5, 7] .
Shifting to clinical settings, each EMR corresponds to a particular patient trace of the hospitalization, and consists of a set of patient feature-value pairs {f < a, v >} (where a is the feature type and v is the feature value) and treatment intervention-occurring time stamp pairs {e < a, t >} (where a is the intervention type and t is the occurring time stamp of a). Patients with different risk levels may follow different treatment patterns, and these essential treatment patterns are exactly corresponding to treatment procedures for patients in different risk clusters. Hence, we can employ LDA to extract essential treatment patterns with respect to different risk levels. Formally, a yearly dataset is a collection of EMRs, and each EMR σ follows one or several specific treatment patterns in his/her treatment process. Based on the LDA model, a treatment pattern z (z Z) is a mixture of medical behaviors W, which can be either a feature-value pair represented as f = (a, v) or an intervention-time stamp pair represented as e = (a, t). In this regard, each patient's EMR is a distribution over treatment patterns and can be represented by θ σ (θσ ~ Dir(α), Dir(α) is the Dirichlet distribution of prior parameter α) and the occurring probability of a treatment pattern z The occurring probability of each medical behavior in a treatment pattern can be represented as φ z, w = P(w | z) (φ z, w = φ z, f (a, v) where w is a feature-value pair, φ z, w = φ z, e (a, t) where w is an interventionoccurring time pair), which we are interested in to derive. In this study, Gibbs sampling [19, 20] is employed to iteratively draw patient samples from the conditional distribution for each treatment pattern z in each piece of EMR. After marginalizing out the parameter, the conditional distribution, which represents the occurring probability of the ith medical behavior in σ assigned to treatment pattern z, can be represented as follows:
(1) Where = z represented the assignments of the ith medical behavior in σ to treatment pattern z, z -i, σ represented all pattern assignment excluded the ith medical behavior, is the number of treatment pattern z assigned to σ not including Where c σ, z is the number of current treatment pattern z in EMR σ, c σ, * is the count of all treatment patterns occurred in EMR σ, α * is the summing results of α over Z times; n z, w describes the number of medical behavior w occurred in treatment pattern z, n z, * is the number of all medical behaviors in treatment z, β * is summing results of β over M (M is the number of medical behaviors in treatment pattern z) times. Notably, the occurring probabilities of feature-value pairs and intervention-time stamp pairs are separately calculated based on Eq. (3). Therefore, occurring probabilities of all patient feature-value/intervention-time
∈ stamp pairs for patients in a specific risk level add up to 1. For more information about the inference process, please refer to [5, 7, 12, 19] . It also should be noted that a treatment intervention assigned to a specific treatment pattern may be performed in different time stamps. In this regard, the occurring probability of a particular treatment intervention in a specific treatment pattern φ z, e. a is the sum of probabilities of that treatment intervention executed in different time stamps. φ z, e. a can be calculated as follows:
Where T is the largest length of stay of the yearly collection of EMRs with respect to a specific CP, implicating that occurring probabilities of all treatment interventions in a treatment pattern corresponding to a specific risk level also add up to 1. Differently, the daily occurring probability of a treatment intervention in a specific treatment pattern P(φ z, e (a, t) ) can be computed as follows:
Where t is the exactly executed time-stamp of a specific type of treatment intervention. Detailed definitions of used parameters in equations are addressed in ▶ Table 1 .
In this study, yearly datasets of EMRs are considered to follow the same distributions. By employing the LDA-based approach, we can derive yearly essential treatment patterns from yearly dataset composing of both patient features and treatment interventions.
Once treatment patterns are discovered from yearly datasets, we need to align them into different risk tiers for the further purpose of detecting changing trends of medical behaviors embedding in them. Note that we assume that those highly correlated patterns extracted from different yearly datasets represent the same/similar medical behaviors and should be aligned into the same risk tier. To this end, we apply two state-of-the-art statistical methods (i.e., Pearson test, and student's t-test) to meas -
■■Formel 10■■ ure the correlational significance between a pair of patterns, and then align the highly correlated patterns extracted from different yearly datasets into the same risk tier. Notably, patient features from the yearly derived patterns can reflect the severity of patient conditions, and thus are important and direct indicators of patient risk tiers. And the discovered patterns that disclose the least, moderately, and most severe patient conditions can be separately aligned into low-, medium-and high-risk clusters, respectively. It must mention that the aligned patterns with their specific risk labels have been evaluated by our clinical collaborators after careful review of the aligned pattern groups. They indicate the aligned results are consistent with their judgments.
As we have indicated above, a patient's clinical status may be very complex and dynamic. In fact, with the delivery of effective treatment interventions during the treatment process execution, a medium-risk patient may turn into a low-risk one during his/her hospitalization. This in turn leads to a patient's journey to be represented by a mixture of risk-specific treatment patterns. To this end, we propose employing LDA to discover latent treatment patterns with their distributional probabilities on individual patient samples. In this sense, a patient can be categorized into specific risk tiers using the inferred distributional probabilities of treatment patterns on that patient sample.
Detecting Changing Medical Behaviors 2.2.1 Detecting Changing Trends of Significant Patient Feature-value Pairs with Respect to Specific Risk Levels
Essential and critical patient features and their values disclose detailed patient conditions and thus reflect the severity of patient conditions. To figure out the changing trends of patient conditions with respect to a specific risk level, it is necessary to detect the changing frequencies of those patient feature-value pairs. The yearly occurring probabilities of all patient feature-value pairs can be derived from Eq. (3) where w is a feature-value pair and φ z, w = φ z, f (a, v) . 
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After graphically demonstrating yearly occurring probabilities of patient featurevalue pairs, we found that changes of patient feature-value pairs follow certain changing patterns. So, these evolving trends of patient feature-value pairs can be clustered into different categories based on their changing trends. As shown in ▶ Figure 4 , the changing trend of a featurevalue pair can be classified as it follows:
• Growing changing patterns: the curve is Notably, these six changing patterns can be classified into three converse pairs, i.e., growing and declining changing patterns, up-down and down-up changing patterns, steady and jumping changing patterns. As shown in ▶ Figure 4 , two changing patterns of medical behaviors in each pair are following totally different changing trends.
Detecting Changing Trends of Treatment Interventions with Respect to Specific Risk Levels
Obviously, conditioned treatment interventions are determinant factors for medical quality and medical cost. In this sense, detecting the changing frequencies of treatment interventions is beneficial to the improvement of medical service and control of medical cost. The yearly occurring probability of a pair of treatment interventionoccurring time stamp can be calculated from Eq. (3) where w is an intervention-occurring time stamp pair and φ z, w = φ z, e(a, t) . Then, by employing Eq. (4), we can derive the occurring probabilities of unique treatment interventions with regard to a specific risk level. Similarly with patient featurevalue pairs, evolving trends of yearly occurring probabilities of treatment interventions can be categorized into either of six 
Figure 6
Patient data extraction from EMR system.
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changing patterns, i.e.,growing, declining, steady, up-down, down-up and jumping changing pattern, as shown in ▶ Figure 4 .
Detecting Changing Trends of Execution Time of Treatment Interventions
Treatment interventions defined in a treatment process protocol usually are sequences of specific execution time stamps. More specifically, they are scheduled on a daily basis. However, in actual clinical practice, execution time stamps of many treatment interventions are often inconsistent with the treatment process protocol for a specific disease and vary over time. For example, the treatment intervention "Discharge", originally performed in the 10 th to 14 th day after admission in 2006, takes place in advance to the 8 th day after admission in 2013. Note that occurring time stamps of treatment interventions are intimately associated with the length of stay (LOS) of patients. Conclusively, daily duration is the proper granuity to sequence treatment interventions. To this end, it will be helpful to derive evolving trends of daily occurring probabilities of treatment interventions over time with respect to specific risk levels. The daily occurring probability of a treatment intervention in a treatment pattern can be calculated using Eq. • Early-implemented: the curve of daily occurring probability moves forward as time goes, as indicated by the red dashed arrow in ▶ Figure 5 (a).
• Steady-implemented: the curve of daily occurring probability remains stable over time, as indicated by the red dashed arrow in ▶ Figure 5 (b).
• Delay-implemented: the curve of daily occurring probability moves afterward as time goes, as indicated by the red dashed arrow in ▶ Figure 5 (c).
Experiments and Results
In this section, we present a case study of unstable angina to evaluate the feasibility of the proposed method on detecting significant evolving trends of treatment behaviors over time. Firstly, we introduce the collected clinical dataset of unstable angina in Section 3.1. And then we describe how to select the significant changing trends of medical behaviors from the experimental dataset in Section 3.2. Details of the selected changing trends are presented and analyzed in Section 3.3. Finally, we elaborate clinical assessment results of the selected changing trends and their clinical implications in Section 3.4.
Experimental Dataset
With the approvement of the research IRB in Chineses PLA General hospital, EMRs of patients who followed the unstable angina CP from the Department of Cardiology were collected from the EMR system with a time range of ten years (i.e., from 2004 to 2013), to demonstrate the feasibility of the proposed approach in identifying changing trends of medical behaviors over time. Unstable angina, as a type of irregular angina pectoralis, is generally classified as a type of acute coronary syndromes [22] . As an extremely common clinical disease occurred in aged people, it's a disease whose treatment process is typically thought of evolving trends of treatment behaviors over time (e.g., the intended surgery day is affected by patients' status) [7] . Unstable angina is a complex disease with many comorbidities and complications, which may lead patients to different risk levels and make it suitable for us to study evolving trends of medical behaviors by considering the risk stratifications of unstable angina patients. Clinical risk level reflects the severity of patient conditions. And it is capable of determining the chance of experiencing unwanted outcome [19, 21] . And it is commonly used for unstable angina patients to identify their risk levels, which facilitates to provide specific and accurate treatment interventions for patients. Notably, laboratory test results, medical exams Table 3 Changing patterns of medical behaviors detected from the experimental dataset. Table 2 Demographic attributes of the experimental dataset. 
Risk levels
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as well as admission note are selected in each patient's EMR to exhibit those medical behaviors implemented in the treatment process (as shown in ▶ Figure 6 ). In this study, all examinations, orders were chosen as treatment interventions of the unstable angina treatment process. Contrary to this, only those comorbiditites and lab tests that are comparatively related to unstable angina were chosen as patient features. As shown in ▶ Figure 6 , comorbidities of patients were extracted from admission notes recorded in the EMR system. ▶ Table 2 demonstrates detailed demographic attributes of the experimental datasets. Typically, an unstable angina treatment process is arranged in a day-by-day format, enumerating the essential/critical medical behaviors (e.g. examination, lab test, surgery, medication, and care, etc) that spread the whole length of hospital stay.
Selection of Significant Changing Trends of Medical Behaviors
The described method in section 2 is directly employed for changing trends detection of unstable angina patients. Accordingly, the extracted dataset was divided into 10 sub-datasets to detect yearly treatment patterns. Note that based on the guidance document enacted by National Health and Family Planning Commission of China, it takes about 1-2 years for hospitals to updates their treatment process protocols of selected diseases. Taking this into consideration, it proper to select yearly duration as the time granularity for medical pattern learning. In experiments, dirichlet prior parameters α and β are set to 0.1, pattern number Z is set to 3 for 10 sub-datassets. Based on patient features, derived treatment patterns of unstable angina patients can be classified into different risk levels. Specifically, derived patterns reflect the least, moderately, and most severe patient conditions can be separately categorized into low-, medium-, and high-risk levels, respectively.
Note that we assume that treatment patterns extracted from different yearly datasets and with highest correlations should be aligned into the same risk tier. To this end, we employed three state-of-the-art statistical methods (i.e., Pearson test, Levene's test for equality of variances, and t-test for equality of means) to measure the correlational significance between a pair of patterns, and then aligned highly correlated patterns into the same risk level. The results of correlational analysis on between discovered treatment patterns are exhibited in Table 1 of ▶ Online Appendix. In particular, we found that aligned patterns are significantly correlated with each other. Conversely, those patterns at different risk levels are weakly or moderately correlated than those aligned ones. Besides, the Levene's test and t-test were also applied to validate our assumption. Comparatively, there exists a significant difference in variances among patterns at the different risk tiers, as shown in Table 2 of ▶ Online Appendix. Moreover, values of means among patterns at the different risk levels are much smaller than that of aligned patterns, as shown in Table 3 of ▶ Online Appendix.
Though some of the significance values of variances and means among patterns at different risk levels are greater than the frequently used p-value threshold (i.e., 0.05), it's quite obvious that significance values are much smaller than that of these aligned patterns in the same risk level, which are quite enough to discriminate these discovered patterns. By examining the statistical analysis results, it is quite evident for us to align the discovered treatment patterns with respect to the same risk tier.
Once yearly essential treatment patterns have been derived, yearly occurring probabilities of all feature-value pairs, intervention-occuring time pairs and treatment in- Table 4 Changing patient feature-value pairs detected from the experimental dataset with respect to different risk levels. 
Low risk
Growing
L. Yin et al.: Changing Trends Detection in Medical Behaviors
medical behaviors regarding the treatment process of a specific disease, and only essential/critical medical behaviors in each treatment pattern should be selected as targets for changing pattern detection. To this end, the union of yearly 20 top-ranked patient feature-value pairs (φ z, f (a, v) ) and 50 top-ranked treatment interventions (φ z, e ) of each pattern were selected. These selected patient feature-value pairs and treatment interventions clearly embrace almost all critical/essential medical behaviors with respect to specific risk levels of a disease. Accordingly, 32 patient feature-value pairs and 64 treatment interventions in low-risk pattern, 50 patient feature-value pairs and 84 treatment interventions of medium-risk pattern, 53 patient feature-value pairs and 86 treatment interventions in high-risk pattern were selected to detect their changing trends over time.
Experimental Results
Results of Changing Patient
Feature-value Pairs ▶ Table 6 clining changing patterns are two dominant ones in all three clusters while there are less patient feature-value pairs that follow up-down, down-up and jumping changing patterns. Regarding steady patient features, they only appear in the lowrisk cluster, while there are more up-down, down-up and jumping patient featurevalue pairs in the medium-and high-risk clusters than that in the low-risk cluster.
▶ Table 4 demonstrates detailed examples of classified changing trends of selected patients feature-value pairs. By analyzing these significant detected changing trends, we have the following discoveries: (1) growing patient feature-value pairs might be associated with obligatory lab test results or emerging comorbidities of unstable angina, e.g., "ProBNP:N" (▶ Figure 7(a) ) as a growing feature-value pair, is growing into an important comorbidity of low-risk unstable angina patients, implicating that low-risk patients are less likely to suffer from cerebral infarction. (2) Conversely, declining patient feature-value pairs might be associated with fading symptoms of unstable angina patients, e.g., "Qualtitive glucose:H" (▶ Figure 7(a) ) discovered as a declining feature-value pair in low-risk treatment pattern, gradually becomes an insignificant comorbidity of low-risk patients, indicating that patients with low risk are less likely to be diagnosed with diabetes as time elapsing. However, there are declining patient feature-value pairs caused by the replacement of new types of lab tests due to the development of medical technology. For example, "Creatine kinase" is gradually substituted by "Troponin T" in clinical practice. Regarding steady patient features, they tend to be associated with obligatory lab test results or comorbidities of unstable angina patients, e.g., "Attack of angina:True"(▶ Figure 7 (b) ) is an important feature of lowrisk unstable angina patients. (3) Differently, feature-value pairs following jumping changing pattern are hard to confirm whether they are meaningful for the clinical practice. (4) As well, it's difficult to determine whether up-down, and down-up feature-value pairs are comparatively relevant features of patients or not.
Normally, "Age" is a significant demographic attribute of patients with a specific disease. The average age distribution of patients in different risk clusters is demonstrated in ▶ Figure 8 . It is clear that the yearly average age of patients (i.e. ▶ Figure  8 corresponding risk levels keep decreasing over time, indicating that patients are inclined to suffer from unstable angina in early age, regardless of their risk stratifications. All changes of patient featurevalue pairs need to be further assessed by clinicians to confirm whether they have clinical significance.
Results of Changing Treatment Interventions
Classification results of yearly evolving trends of selected treatment interventions are shown in ▶ Table 5 , as well. It's obvious that growing, declining and steady changing patterns are dominant change patterns of treatment interventions in all three clusters. Comparatively, there are only a few treatment interventions whose changing trends follow down-up, up-down, and jumping change patterns over time in each risk cluster. Moreover, we can notice that the distributions of all six types of changing patterns are basically similar to each other, regardless of risk levels of unstable angina patients. The detailed detection results of categorized change trends of selected treatment interventions in three risk clusters are exhibited in ▶ Table 8 . By analyzing detected changes, we can better understand the clinical value of these discovered changing trends. Finally, we have the following findings from the experimental results: (1) Growing treatment interventions are caused by the increase of execution frequency. It means that they might be essential for the treatment, such as "Stent implantation" (▶ Figure 9(a) ) as a fairly effective treatment behavior for unstable angina, is gradually becoming essential for the therapy and treatment of unstable angina patients. (2) Contrary to growing treatment interventions, declining ones may be caused by the decrease of execution frequency. Note that a declining treatment intervention might indicate that it is not used in the treatment process protocol anymore and could be eliminated ultimately. For example, "Angiotensin-converting enzyme inhibitors (ACEI)" (▶ Figure  9 (a)), as a significant declining treatment behavior, is gradually eliminated for the unstable angina treatment process, implicating that this kind of drugs are unnecessary for the treatment of patients. (3) Some interventions may be replaced by other ones over time, consequently there are correlations between some declining and growing treatment interventions, i.e. a declining treatment intervention may be replaced by a growing one. For example, the declining intervention "Thrombosis examination" (▶ Figure 9(b) ) is eventually substituted by the growing intervention "Blood coagulation examination" (▶ Figure 9(b) ). (4) For steady treatment interventions, they are essential medical behaviors regardless of changes of occurring time stamps, e.g., "Anti-coagulation drugs" (▶ Figure 9(c) ), as one of the most essential kind of drugs for low-risk patients, remains stable as time elapsed. However, it's difficult to determine whether these jumping treatment interventions are essential to the treatment process, e.g. "X-ray" (▶ Figure 9(c) ) as a jumping treatment intervention, is not essential for low-risk unstable angina patients. Table 6 Changing trends of execution time for treatment interventions. Gastrointestinal prokinetic agent(growing), Xinhuang(growing), Antiplatelet drugs(declining), Skin preparation(declining), Lipid regulators(jumping) Figure 9 Changing trends of example treatment behaviors. (a) "stent implantation" and "ACEI" for low-risk patients, (b) "Coagulation examination" and "Thrombosis examination" for low-risk patients, and (c) "Anticoagulant" and "X-ray" for low-risk patients. Since that treatment interventions may not be performed within the desired timeframe scheduled in a treatment process protocol in the actual clinical practice, we can better understand the evolution of these treatment interventions with respect to each risk level, by analyzing changing trends of their execution time stamps. Specifically, occurring time stamps of essential treatment interventions for low-risk patients are mostly steady-implemented, implicating that their execution time stamps are arranged appropriately for patients with low-risk level. However, there are 13 early-implemented treatment interventions (e.g., "Discharge" (as shown in ▶ Figure   10 (a)), as a important indicator of clinical outcome, is a significant early-implemented treatment intervention, implicating that patients in low-risk tend to be discharged in a shorter length of stay as time elapsed.) detected from the experimental dataset, which indicates that their execution time stamps may not be scheduled in proper time instants and should be rearranged to earlier days in the pathway. In addition, there are 3 delay-implemented treatment interventions, i.e., "Multifunctional monitors" (as shown in ▶ Figure 10(b) ), "CT"
and "Monitoring of ECG and blood oxygen", in the treatment pattern for low-risk patients, suggesting that occurring time stamps of these treatment interventions could be rescheduled to later days in the unstable angina treatment process.
In contrast with low-risk patients, most of treatment interventions in treatment patterns for medium-risk and high-risk patients are early-implemented, demonstrating that most of them are scheduled improperly and can be rearranged to earlier time stamps. These findings contribute to redesigning/optimizing treatment process protocols to deliver efficient health services and reduce LOS of patients. Meanwhile, there are only 4 and 2 delay-implemented treatment interventions, respectively, for patients with medium-risk and high-risk levels. Similar with delay-implemented treatment interventions for patients with low-risk level, their execution time stamps may need to be rescheduled to later days. These detected evolving trends provide convinced evidences for the rearrangement of efficient treatment interventions for unstable angina patients. 
Figure 11
Examples of treatment interventions that are considered to be rescheduled in the unstable angina treatment process protocol. (a) "Coronary Angiography" for low-risk patients, (b) "Stent implantation" for low-risk patients, and (c) "X-ray" for low-risk patients. Table 8 . Our clinical collaborators have carefully assessed these evolving trends and confirmed that these unperceived evolving trends indeed occur in clinical practice. In this sense, the proposed approach can be an objective way of analyzing changing trends of essential medical behaviors over time as it is not biased by perceptions or normative behaviors, and thus can provide valuable references for the treatment process protocol redesign and optimization.
In addition, clinical collaborators have stated that changing trends of execution time stamps of some treatment interventions are meaningful and convinced evidences for rearranging them in the treatment process protocols. In particular, patients are gradually inclined to be discharged from hospital with shorter LOSs (as shown in ▶ Figure 10(a) ), as many essential treatment interventions in the unstable angina treatment process are standing a better chance to be performed in early days after admission. It should be noted that treatment interventions following early-occurred or delay-occured change patterns provide important references for the redesign/optimizion of treatment process protocols. I.e., they are considered to be rescheduled to the proper time range during the treatment process execution, e.g., coronary angiogram, stent implantation, x-ray, etc, as illustrated in ▶ Figure 11. 
Conclusion
In this study, we propose a novel approach to utilize EMRs for discovering changing trends of essential/critical medical behaviors over time. The feasibility of our approach has been evaluated on a real clinical dataset consisting of 12,512 unstable angina patient cases in cooperation with the Cardiology department of Chinese PLA General hospital. Experimental results implicate that the proposed approach is feasible in discovering essential changing trends in medical behaviors over time. Even though there are huge variations among different diseases, the proposed method is not limited to unstable angina, because domain knowledge for a particular disease is not incorporated into the proposed method. In fact, the proposed approach is a generalized methodology and can be applied to any types of diseases' treatment processes to discover non-trivial evolving trends in medical behaviors from EMRs. Note that the possibilities to utilize a large volume of EMRs are currently weak. Our study suggests that there is significant potential to improve this utilization. This could help clinical experts further explore the detected changing trends in medical behaviors based on their domain knowledge. Since detected changing trends reflect the realities of patient-care processes other than conceptualized treatment process protocols, they can be potentially served as convincing evidences for the improvement of delivered health services.
Compared with most of existing methods that rely on the experiences and knowl edge of clinical experts, the proposed approach can automatically discover changing trends of medical behaviors as well as their execution time stamps from EMRs rather than elaborate patient cases piece by piece. In this sense, our approach is time-effective and effort-saving. In addition, our approach can cluster the treatment processes of patients into different treatment patterns reflecting the severity of patient conditions. Therefore, our approach can category patients into different risk levels based on their clinical conditions and then detect the changing trends of medical behaviors regarding different risk It has to be noted that there are some limitations of our work. First of all, we only selected these top-ranked (i.e., essential and frequent) behaviors in treatment processes to detect changing trends, however, there are a number of infrequent behaviors that are missing in discovered treatment patterns. Note that many of these infrequent behaviors are correlated with the treatment of comorbidities of patients, and thus need to be analyzed with respect to their changes over time [25] . In addition, we assume that occurring probabilities of medical behaviors are independent to each other. Somehow, this assumption neglects the correlations between medical behaviors. In clinical practice, occurrences of certain medical behaviors may have influences to each other. Hence, correlations of medical behaviors should be investigated to have a fine-grained analysis on changing trends of medical behaviors. Furthermore, in this study, we focus on detecting changing trends of medical behaviors over time, while derivations of behaviors/ treatments from the treatment process protocols is not considered. Moreover, data segments are predefined based on legal years for the treatment process protocol updates, and it could be valuable to define segments automatically independent from legal years. We plan to address these issues in our future work.
